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Purpose: A history of coronary heart disease (CHD) increases the risk of Brain-Heart Syndrome (BHS) after acute stroke, partly 
through heightened inflammatory responses. Evolocumab, a PCSK9 inhibitor, has anti-inflammatory properties, but its transcriptomic 
effects in BHS patients with CHD remain unclear. This study aims to identify evolocumab-associated transcriptomic changes and 
inflammation-related biomarkers in this population.
Patients and Methods: Blood samples from 24 BHS patients with CHD history (12 receiving rosuvastatin alone, 12 receiving 
rosuvastatin plus evolocumab) underwent transcriptomic sequencing. Candidate biomarkers were identified via differential expression 
and machine learning, with functional enrichment and immune infiltration analyses conducted.
Results: Four candidate biomarkers were identified: WHRN (DFNB31), IL12A, and ASB14 were upregulated, while TMED7-TICAM2 
was downregulated in the evolocumab combination group. These genes were enriched in pathways related to cell metabolism, signal 
transduction, and immune regulation. Immune infiltration analysis showed modest but detectable changes in B-cell subsets. External 
validation confirmed differential expression of these candidate biomarkers in CAD patients.
Conclusion: This pilot study provides preliminary insights into the molecular mechanisms of evolocumab in treating Brain-Heart 
Syndrome with a coronary heart disease history, identifying four inflammation-related biomarkers. These findings suggest potential targets 
for future investigation; however, given the exploratory nature and small sample size, further experimental and clinical validation is required 
before any therapeutic application.
Keywords: evolocumab, coronary heart disease, brain-heart syndrome, transcriptomics

Introduction
Brain-Heart Syndrome (BHS) is a clinical syndrome developed due to cardiac insufficiency or myocardial dysfunction 
caused by severe central nervous system diseases. It has a high incidence and mortality rate, seriously affects the 
prognosis of stroke, and is the second leading cause of death in cerebrovascular diseases.1 A history of coronary heart 
disease (CHD) is a major risk factor for BHS.2

Elevated low-density lipoprotein cholesterol (LDL-C), a common risk factor for both conditions, drives atherosclerosis, 
causing vascular stenosis and hypoperfusion. Oxidized low - density lipoprotein (ox - LDL) further exacerbates vascular 
damage by triggering pro - inflammatory pathways. This common pathophysiological mechanism not only affects the cerebral 
blood vessels but also the coronary arteries, forming the common pathological basis of BHS.3 In acute ischemic stroke (AIS) 
patients with CHD, intracranial/extracranial, anterior-posterior circulation involvement, and ≥50% head and neck artery 
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stenosis are more prevalent.4 BHS patients with CHD exhibit early innate immune memory and immune training, increasing 
pro-inflammatory cytokine production. Macrophages, key innate immune cells, recognize Ox-LDL and lipoproteins (a) [Lp 
(a)] through scavenger receptors (SRs) and toll-like receptors (TLRs), inducing innate immune memory.5–8 Initial stimulation 
with Ox-LDL and Lp (a) primes monocytes to become macrophages, which upon subsequent TLR2/4 activation, overproduce 
TNF-α and IL-6, further destabilizing plaques.

Proprotein convertase subtilisin/kexin type 9 (PCSK9) is a key regulatory factor in vascular inflammation. In 
atherosclerotic diseases, excessive PCSK9 reduces LDL-C receptor expression and uptake, promotes LDL-C retention 
in the vascular wall, and generates more ox-LDL,9 Mononuclear macrophages enriched with ox-LDL promote inflam
matory responses by upregulating proinflammatory cytokines and chemokines (such as IL-1β, IL-6, TNF-α, CCR-2, and 
M-CSF-1),10 exacerbating vascular wall damage. Moreover, PCSK9 can activate the TLR4/NF-κB signaling pathway 
independently of lipid metabolism, significantly aggravating vascular inflammatory responses.11 This mechanism oper
ates in both cardiovascular and cerebrovascular systems, providing a common inflammatory basis for CHD and BHS.

Evolocumab, a PCSK9 inhibitor, has rapid onset and potent lipid-lowering effects. The FOURIER study showed that 
long-term evolocumab use reduces LDL-C by 59% and significantly lowers primary endpoint events in patients with 
a history of non-hemorrhagic cerebrovascular disease.12 PCSK9 inhibitors also reduce microglial activation in BHS and 
alleviate central neuroimmune injury.13 Previous studies indicate that nontraumatic intracranial hemorrhage can trigger 
sudden death through acute neurovascular injury, supporting the concept of brain–heart interaction and subsequent 
systemic inflammatory and cardiovascular dysregulation.14 Although our preliminary studies have found that evolocu
mab in acute ischemic stroke reduces peripheral IL-6 elevation,15 controversy remains over whether PCSK9 inhibitors 
have direct anti-inflammatory effects independent of lipid-lowering, as their impact on systemic inflammatory markers 
like hs-CRP is limited.16

Despite this controversy, the significant cardiovascular benefits of PCSK9 inhibitors suggest additional mechanisms 
beyond lipid-lowering. We hypothesize that evolocumab, on top of its lipid-lowering effects, may modulate transcrip
tomic signatures associated with inflammatory pathways and immune cell function in BHS patients with a history of 
CHD. However, the transcriptomic mechanisms of evolocumab in this population remain poorly understood. Therefore, 
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this study aims to explore, through transcriptome analysis of peripheral blood samples, the key gene expression changes 
regulated by evolocumab in BHS patients with CHD history, thereby investigating its possible regulatory mechanism on 
the acute-phase inflammatory response.

Material and Methods
Data Collection
This study collected blood samples from 12 BHS patients with CHD history who were treated with rosuvastatin 
(rosuvastatin-only group) and 12 BHS patients with CHD history treated with rosuvastatin combined with evolocumab 
at the First Affiliated Hospital of Dalian Medical University for transcriptome sequencing. All participants provided 
signed consent forms, and the study was approved by the Ethics Committee of the First Affiliated Hospital of Dalian 
Medical University (Approval number: PJ-KS-KY-2025-958).

External validation independent datasets were obtained from the Gene Expression Omnibus (GEO, https://www.ncbi. 
nlm.nih.gov/geo/). GSE113079 (GPL20112) was selected as the primary validation dataset, which includes 93 CAD 
patients and 48 healthy controls, representing the largest available sample size for CAD-related validation. The single- 
cell RNA sequencing dataset GSE121893 (GPL18573) was also retrieved from GEO for cellular-level analysis.

Transcriptomic
Sequencing and Data Preprocessing. Total RNA was isolated from 24 blood specimens and purified using TRIzol reagent 
(ThermoFisher, 15596018, California, USA). RNA was then quantified and its purity was checked using Thermo Fisher 
Qubit 3.0 (ThermoFisher, Q33216, California, USA) and Agilent 5300 Fragment Analyzer (Agilent, CA, USA, 
M5311AA). High-quality RNA samples with an RIN exceeding 7.0 were selected for sequencing library construction. 
Subsequently, mRNA was purified using mRNA Capture Beads 2.0 (Yeasen Cat.12629ES, China) and fragmented with 
magnesium ions (Yeasen Cat.12340ES97, CHN) at 94°C. First-strand cDNA was synthesized using reverse transcriptase, 
and second-strand DNA was generated using E. coli DNA polymerase I, RNase H, and dUTP Solution (Yeasen 
Cat.12340ES97, CHN). After end-repair and adapter ligation, PCR amplification was performed (Supplementary 
Table 1), resulting in a cDNA library with an average insert size of 400±50 bp. The library was sequenced on the 
Illumina Novaseq™ X Plus platform (LC-Bio Technology CO., Ltd., Hangzhou, China) with 2×150 bp paired-end 
sequencing. Raw sequencing data was processed with Cutadapt (https://cutadapt.readthedocs.io/en/stable/, v 1.9) to 
remove low-quality reads and adapter contamination. Sequence quality was confirmed with FastQC (https://www. 
bioinformatics.babraham.ac.uk/projects/fastqc/, v 0.11.9), generating high-quality clean reads. These clean reads were 
then mapped to the reference genome (Homo sapiens, GRCh38) using HISAT2 (https://daehwankimlab.github.io/hisat2/, 
v 2–2.2.1). Gene expression levels were quantified by calculating the FPKM value [FPKM = total exon fragments/ 
mapped reads (millions) × exon length (kb)] using StringTie (https://ccb.jhu.edu/software/stringtie/, v 2.1.6) and 
ballgown (https://www.bioconductor.org/packages/release/bioc/html/ballgown.html). Boxplots were drawn with the 
“ggplot2” package (v 3.5.1)17 for visualization, providing a basis for subsequent transcriptomics data analysis.

Acquisition of Candidate Genes and Functional Enrichment Analysis
To obtain candidate genes in the rosuvastatin-only and evolocumab plus rosuvastatin groups, differential expression 
analysis was performed using the “DESeq2” package (v 1.38.0)18 default Wald test with the criteria of |log2 fold change 
(FC)|>1.0 and p.adj<0.05. Genes with low expression were filtered using the criterion that a gene must have a count ≥2 in 
at least 3 samples. The resulting genes were defined as candidate genes. Then, to visually present the distribution of these 
genes, a volcano plot was created using the “ggplot2” package (v 3.5.1). In addition, to further illustrate the expression 
levels of these genes, a heatmap of the expression of the top 10 upregulated and top 10 downregulated genes, selected 
based on the highest |log2FC|, was plotted using the “pheatmap” package (v 1.0.12).19 Subsequently, to explore the 
biological functions and signaling pathways involved by the candidate genes, Gene Ontology (GO) annotation analysis 
(including Biological Process (BP), Cellular Components (CC), and Molecular Functions (MF)) and Kyoto Encyclopedia 
of Genes and Genomes (KEGG) pathway enrichment analysis (p < 0.05) were carried out using the “clusterProfiler” 
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package (v 4.8.3).20 For functional enrichment analysis, we applied the Benjamini-Hochberg method for multiple testing 
correction and set the significance threshold at adjusted p-values (p.adj) < 0.05 to identify significantly enriched 
pathways. The results were visualized using “ggplot2” (v 3.5.1) and “Enrichplot” packages (v 1.18.4).21 Finally, to 
investigate the protein-level interactions of candidate genes, a protein-protein interaction (PPI) network was constructed 
using the Search Tool for the Retrieval of Interacting Genes/Proteins (STRING) database (https://string-db.org) (con
fidence > 0.4), and the network was visualized using Cytoscape software (v3.10.3).22

Machine Learning and Identification of Candidate Biomarkers
To further screen candidate biomarkers, three machine learning methods were employed. First, using the “glmnet” 
package (v 4.1–4)23 on all transcriptome data, a least absolute shrinkage and selection operator (LASSO) regression 
model was built for candidate genes using the minimum lambda value and non-zero coefficients (5-fold cross-validation). 
Meanwhile, the “e1071” package (v 1.7.14)24 was used to analyze candidate genes with the support vector machine- 
recursive feature elimination (SVM-RFE) algorithm according to 5-fold cross-validation. Boruta analysis was performed 
using the “Boruta” package (v 8.0.0)25 with parameters pValue = 0.05, mcAdj = TRUE, and maxRuns = 500. Feature 
importance was evaluated using random forest, and features were classified as “confirmed”, “tentative”, or “rejected” 
based on their importance scores relative to shadow features. To mitigate the risk of overfitting associated with the small 
sample size (n=24), we combined the three machine learning algorithms via “ggVennDiagram” package (v 1.2.2)26 and 
took the intersection of their selected features to identify candidate biomarkers. Based on all transcriptome sample data, 
the “pROC” package (v 1.18.0)27 was used to plot receiver operating characteristic (ROC) curves for candidate 
biomarkers and determine the area under the curve (AUC). Biomarkers with an AUC>0.7 were regarded as candidate 
biomarkers. Finally, the Wilcoxon test was applied to compare the expression differences of these candidates between the 
rosuvastatin-only and evolocumab plus rosuvastatin groups in the transcriptomic data (p<0.05), and boxplots were 
created using the “ggplot2” package (v 3.5.1). To validate the generalizability of the identified candidate biomarkers, 
we performed external validation using an independent dataset. The Wilcoxon rank-sum test was used to assess 
expression differences between control groups, with statistical significance set at p < 0.05. To evaluate the diagnostic 
performance of these candidate biomarkers, we constructed receiver operating characteristic (ROC) curves and calculated 
the area under the curve (AUC) values using the “pROC” package (v 1.18.0).27

GeneMANIA and Gene Set Enrichment Analysis (GSEA) Analyses
To uncover other genes and biological functions related to the candidate biomarkers’ functions, a co-expression network 
was established via the GeneMANIA database (https://www.genemania.org/). Then, to further explore the signaling 
pathways and potential biological functions implicated by the candidate biomarkers, GSEA was performed. Using the 
“c2.cp.kegg.v7.4.symbols.gmt” gene set from the Molecular Signatures Database (MSigDB) (https://www.gsea-msigdb. 
org/gsea/msigdb) as the background, Spearman correlation analysis between each candidate biomarker and other genes 
was carried out using the “psych” package (v 2.2.9)28 with the criteria of |correlation coefficients (cor)| > 0.3 and p < 
0.05. Based on the correlation coefficients ranked from largest to smallest, GSEA pathway enrichment analysis was 
performed using the “clusterProfiler” package with the criteria of |normalized enrichment score (NES)|>1, false discovery 
rate (FDR)<0.25, and Benjamini-Hochberg adjusted p-value<0.05.

Immune Infiltration Analysis
To comprehensively elucidate the immunophenotypic profiles of immune cells during evolocumab treatment in patients 
with BHS complicated by CHD, systematic immune infiltration analysis was performed across all study samples using 
the CIBERSORT algorithm. CIBERSORT is a computational method widely applied in tumor immunology research that 
uses linear regression models trained on known immune cell gene expression profiles to estimate relative abundances of 
immune cell subsets in mixed cell samples. This algorithm was employed to compare immune infiltration differences 
among 22 immune cell types based on the LM22 gene signature matrix (p < 0.05). Stacked plots displaying the 
abundance proportions of 22 immune cell types in each sample were generated using the “ggplot2” R package (v 
3.5.1).29 The non-parametric Wilcoxon rank-sum test was applied to identify significant differences in immune cell 
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infiltration between the rosuvastatin-only and evolocumab plus rosuvastatin treatment groups, with statistical significance 
set at p < 0.05 to screen for differentially infiltrated immune cell populations. Box plots were generated using the 
“ggplot2” R package (v 3.5.1)29 for graphical representation of immune cell proportions between treatment groups. 
Finally, Spearman correlation analysis was performed using the “psych” R package (v 2.2.9)30 to explore interrelation
ships among differentially infiltrated immune cell types and associations between these immune cells and relevant 
candidate biomarkers. Additionally, Mantel test correlation analysis was conducted between key genes and immune cells, 
with analyses having correlation coefficients (|cor|) > 0.30 and p < 0.05 considered statistically significant.

Single-Cell RNA Sequencing Data Preprocessing, Cell Annotation, and Functional 
Analysis
To investigate cellular-level gene expression patterns in CAD, we analyzed single-cell RNA sequencing data. We 
constructed a Seurat object using the “CreateSeuratObject” function from the R package “Seurat” (v 5.0.1),31 initially 
containing 2,152 cells and 21,543 genes. Quality control was performed to retain high-quality cells using the following 
criteria: 200 < nFeatures < 6000 and 200 < nCount_RNA < 30000, resulting in 1,630 high-quality cells. Data 
normalization was performed using the “NormalizeData” function, followed by identification of 2,000 highly variable 
genes using the “FindVariableFeatures” function. The top 10 genes with the highest standard deviation were annotated. 
Principal component analysis (PCA) was conducted using the “RunPCA” function on highly variable genes, and the 
optimal number of principal components was determined using the “ElbowPlot” function. Based on signal stabilization 
patterns, the first 16 principal components were selected for subsequent clustering analysis (p < 0.05). Cell clustering 
was performed using the “FindClusters” function with a resolution parameter of 0.9. Uniform Manifold Approximation 
and Projection (UMAP) was applied for dimensionality reduction and visualization of different cell clusters. Marker 
genes for each cluster were identified using the “FindAllMarkers” function with thresholds: logfc.threshold = 0.5, min. 
pct = 0.25, and only.pos = TRUE. Cell clusters were annotated based on marker genes from literature32 and the 
CellMarker database (https://xteam.xbio.top/CellMarker/). Marker gene expression patterns across different cell 
clusters were visualized using bubble plots. Functional enrichment analysis was performed on different cell clusters 
using the R package “ReactomeGSA” (v 1.12.0)33 to explore biological pathways. The Reactome database, which 
records relationships between signaling and metabolic molecules and their constituent biological pathways and 
processes, was used to annotate biological pathways in different cell clusters. The top 10 enriched pathways were 
visualized using heatmaps. The distribution of candidate biomarkers within cells was displayed using UMAP. Cell 
proportions between CAD and control samples were compared using the “ggplot2” (v 3.3.6) package.29 

Cardiomyocytes showing differential expression of key genes between CAD and control samples were defined as 
key cells using the Wilcoxon rank-sum test (p < 0.05).

Cell Communication and Pseudotime Trajectory Analysis
Cell-cell communication analysis was performed using CellChat, a computational tool for studying ligand-receptor 
interactions. CellChat was used to analyze the maximum number of interactions and interaction weights for each cell in 
the single-cell dataset, infer communication probabilities at the signaling pathway level, and construct ligand-receptor 
networks. The quantity and intensity of cellular interactions between key cells and other cell types were visualized 
through communication networks. Ligand-receptor pairs and receptor-ligand pairs between key cell types and other cell 
types were displayed using bubble plots (p < 0.05).

To understand the differentiation trajectory of key cells, pseudotime trajectory analysis was performed using 
“Monocle2” (v 2.20.1).34 Key cell types were first re-clustered into 3 subclusters through UMAP dimensionality 
reduction and clustering analysis. Pseudotime trajectory analysis was conducted using the “reduceDimension” function, 
and cells were ordered along trajectories based on temporal gene expression using the “orderCells” function. The analysis 
identified 5 differentiation states, with branches representing cell state transitions visualized using “plot_cell_trajectory”. 
The expression patterns of candidate biomarkers across different differentiation stages were evaluated to reveal their 
changes along cell differentiation trajectories.
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Inclusion and Exclusion Criteria for All Subjects
Inclusion Criteria
Age within the range of 18 to 80 years.

Diagnosis of cerebrocardiac syndrome within 24 hours of ischemic stroke onset.
1≤ National Institute of Health Stroke Scale ≤15.
The current ischemic stroke is diagnosed as large artery atherosclerotic stroke according to the TOAST (Trial of Org 

10172 in Acute Stroke Treatment) classification.
The level of high-sensitivity cardiac Troponin I on the first day of onset is greater than 0.114ug/L.
Confirmed history of atherosclerotic coronary heart disease (stable angina pectoris, unstable angina pectoris and 

myocardial infarction).
Availability of complete clinical data, including demographic, laboratory, and treatment-related information.
Written informed consent was obtained from the patient or legal guardian.

Exclusion Criteria
History of hemorrhagic stroke, including subarachnoid hemorrhage and intracerebral hemorrhage.

Presence of cerebral arteriovenous malformations or intracranial neoplasms.
Severe comorbidities, including but not limited to:
Severe infections are defined by at least one of the following criteria: body temperature ≥ 38 °C, signs of septic shock, 

infection-induced altered mental status, or respiratory failure (arterial oxygen partial pressure [PO2] < 60 mmHg).
Abnormal liver function is indicated by elevated alanine aminotransferase (ALT > 100 U/L) or aspartate amino

transferase (AST > 80 U/L).
Impaired renal function, defined by an estimated glomerular filtration rate (eGFR) < 30 mL/min/1.73m2.
Active autoimmune or immunodeficiency disorders.
PCSK9 inhibitors were used within three months before the index event.
Incomplete clinical data could potentially bias the study results.

Statistical Analysis
All statistical analyses were conducted using R statistical software (version 4.3.1). For the retrospective analysis of 
inflammatory factors, group differences were evaluated using the Wilcoxon rank-sum test, with statistical significance set 
at p < 0.05. Baseline characteristics were analyzed using appropriate statistical tests: Student’s t-test or nonparametric 
tests (eg., Mann–Whitney U-test) for continuous variables, and chi-square tests or Fisher’s exact tests for categorical 
variables.

Results
The Identification and Functional Enrichment of 36 Candidate Genes
Transcriptomic sequencing samples showed balanced overall expression, with no batch effects detected (Figure 1a), 
ensuring the data’s reliability and validity. The 36 candidate genes were identified through differential expression analysis 
(evolocumab plus rosuvastatin vs rosuvastatin-only), including 12 up-regulated genes and 24 down-regulated genes in the 
evolocumab plus rosuvastatin group (Figure 1b), and expression heatmaps of the top 10 up-regulated and top 10 down- 
regulated candidate genes were presented (Figure 1c).

GO functional enrichment of the 36 candidate genes revealed six significantly enriched cellular component (CC) 
terms: specific granule, tertiary granule, tertiary granule membrane, specific granule membrane, primary lysosome, and 
azurophil granule (Figure 1d and Supplementary Table 2). No biological process (BP) or molecular function (MF) terms 
reached significance. Notably, these enriched granule and lysosome structures are involved in inflammatory mediator 
storage, immune cell degranulation, and signal transduction, supporting the biological relevance of these genes in 
evolocumab treatment. KEGG pathway enrichment analysis was conducted on the 36 candidate genes, resulting in 21 
significantly enriched pathways (p < 0.05). The top ten pathways with the highest number of enriched genes were 
displayed, including: Inflammatory bowel disease, cAMP signaling pathway, Pertussis, Leishmaniasis, ErbB signaling 
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Figure 1 Identification of candidate functional genes. (a) Balanced detection of the expression of transcription samples; (b) Volcano plot of differential genes: The genes 
marked in the Figure are the top 10 up-regulated genes and the top 10 down-regulated genes with the largest |log2(FoldChange)|; (c) Heat map of differential gene 
expression; (d) GO enrichment analysis: The abscissa Counts represent the number of genes enriched, and the ordinate represents the names of BP, CC, and MF; (e) KEGG 
enrichment analysis: On the right side of the chord diagram are the top 10 KEGG pathways enriched, and on the left side are the genes corresponding to the pathways. The 
blue color of the gene module represents down-regulation; The internal lines represent the enrichment relationship between genes and KEGG pathways; (f) PPI network: 
Each node in the Figure represents a gene, each edge represents the protein-protein interaction of gene expression between genes, and the shade of color represents the 
connectivity of the nodes.
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pathway, Colorectal cancer, Th1 and Th2 cell differentiation, Chagas disease, Cytokine-cytokine receptor interaction, and 
MAPK signaling pathway (Figure 1e and Supplementary Table 3). These results indicated that the candidate genes could 
function critically in evolocumab-based treatment by regulating granule-related structures, lysosome functions, and 
signaling pathways involved in inflammation, immune cell differentiation, and cellular communication. Moreover, in 
the PPI network, CEACAM8 was found to interact with several candidate genes at the protein level, such as BPI, 
OLFM4, and CD69 (Figure 1f), and these interactions might influence the mechanism or effectiveness of evolocumab- 
based treatment.

Identify and External Validation of Four Candidate Biomarkers
This study identified 8 LASSO feature genes (lambda.min=−2.2682): WHRN (DFNB31), C7orf25, IL12A, ASB14, 
CLEC5A, SIK1B, DEFA3, and TMED7-TICAM2 (Figure 2a); 7 SVM-RFE feature genes: WHRN, IL12A, ASB14, 
TNFSF14, PEX12, TMED7-TICAM2, and BPI (Figure 2b); and 17 Boruta feature genes: WHRN, C7orf25, ID1, 
TTC34, IL12A, TNFSF14, ASB14, CLEC5A, SIK1B, SAPCD1, BPI, ELF3, PEX12, PGAP1, CEACAM8, KIAA1958, 
and TMED7-TICAM2 (Figure 2c). By taking the intersection, the four genes WHRN, IL12A, ASB14, and TMED7- 
TICAM2 were screened out as candidates (Figure 2d) and were ultimately identified as biomarkers (AUC>0.7) 
(Figure 2e). In the evolocumab plus rosuvastatin group, WHRN, IL12A, and ASB14 expression levels were upregulated 
(p<0.001), while TMED7-TICAM2 expression was significantly downregulated (p<0.01) (Figure 2f), providing a solid 
theoretical basis for studying evolocumab in treating BHS with CHD. External validation was performed across three 
independent datasets to assess biomarker generalizability. In the primary validation dataset GSE113079, expression 
analysis revealed that all four candidates showed significant differences between CAD patients and controls (Figure 2g). 
ROC analysis demonstrated AUC values of 0.647, 0.698, 0.659, and 0.668 for WHRN, IL12A, ASB14, and TMED7- 
TICAM2, respectively (Figure 2h), indicating that these candidate biomarkers have limited standalone diagnostic value 
and require further validation.

Revealing Functional Enrichment of Four Candidate Biomarkers
Through GeneMANIA, 20 genes related to the candidate biomarkers were identified, such as WHRN, IL12A, ASB14, and 
TMED7-TICAM2. These genes were found to form a co-expression network mainly through physical interactions, and 
likely interacted with other genes via co-expression, co-localization, and signaling pathways to perform biological 
functions (Figure 3a). These genes were primarily enriched in functions like positive regulation of leukocyte prolifera
tion. GSEA results indicated that WHRN was enriched in KEGG pathways (Figure 3b and Supplementary Table 4), 
including SNARE interactions in vesicular transport, spliceosome, circadian rhythm-mammal, and ribosome; IL12A was 
enriched in KEGG pathways (Figure 3c and Table S4), with significant enrichment in cell cycle pathway; ASB14 showed 
enrichment in ribosome pathway (Figure 3d and Table S4); and TMED7-TICAM2 was enriched in multiple KEGG 
pathways (Figure 3e and Table S4), including proteasome, lysosome, Huntington’s disease, citrate cycle (TCA cycle), 
and oxidative phosphorylation. Notably, ribosome pathway was commonly enriched across multiple candidate biomar
kers (WHRN, ASB14, and TMED7-TICAM2), while spliceosome, SNARE interactions in vesicular transport, and 
circadian rhythm-mammal pathways were shared between WHRN and TMED7-TICAM2 (adjusted p < 0.05). In the 
evolocumab intervention for BHS with CHD history, these candidate biomarkers were closely linked to processes like 
cellular metabolism, signal transduction, immune regulation, and cell cycle regulation.

Revealing the relationships between candidate biomarkers and differentially infiltrated immune cell types 
CIBERSORT analysis revealed distinct immune cell compositions between the rosuvastatin-only and evolocumab plus 
rosuvastatin groups across 22 immune cell subsets (Figure 4a). Both groups displayed multiple immune cell types, 
including B cells, dendritic cells, macrophages, mast cells, monocytes, neutrophils, NK cells, plasma cells, and various 
T cell subsets. Stacked plots illustrated the relative abundance distribution of each immune cell type across individual 
samples. Wilcoxon rank-sum test analysis of immune cell infiltration differences revealed that among the 22 immune cell 
types, only memory B cells and naive B cells showed significant differences between groups (p < 0.05) (Figure 4b). 
Memory B cells demonstrated significantly higher infiltration levels in the evolocumab plus rosuvastatin group compared 
to the rosuvastatin only group, while naive B cells exhibited the opposite trend. The remaining 20 immune cell types 
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Figure 2 Identification and validation of biomarkers. (a) LASSO regression penalty coefficient plot (left) and 5-fold cross-validation plot for adjusting parameter selection in 
the LASSO algorithm (right); (b) SVM-RFE algorithm analysis: The abscissa represents the number of characteristic genes, and the ordinate represents the prediction 
accuracy of the SVM-RFE model. In the figure, when the number of genes is 7, the accuracy of the model is the highest, which is marked with a solid circle; (c) Boruta 
algorithm: The horizontal axis represents the characteristic genes, and the vertical axis represents the importance scores of the features. The final states are divided into 
three types: “Rejected”, “Tentative”, and “Confirmed”; (d) Intersection genes of the three algorithms: Red represents the LASSO algorithm, yellow represents the SVM-RFE 
algorithm, and blue represents the Boruta algorithm; (e) ROC curve: The abscissa, 1-Specificity (FPR) of the graph, represents the false positive rate, and the ordinate 
represents the sensitivity. An AUC > 0.7 indicates that the genes have a high predictive ability for the diagnosis of DR; (f) Analysis of the expression levels of key genes in 
different groups. (g) Expression levels of four biomarkers in the GSE113079 dataset. ASB14, DFNB31, IL12A, and TMED7-TICAM2 showed differential expression between the 
CAD and control groups. (h) ROC curves of four biomarkers in the GSE113079 dataset. AUC values were 0.647, 0.698, 0.659, and 0.668 for ASB14, DFNB31, IL12A, and 
TMED7-TICAM2, respectively, reflecting their discriminatory ability for CAD. ** indicate p < 0.01, *** indicate p < 0.001.
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showed no significant differences between groups (ns, p ≥ 0.05). Spearman correlation and Mantel test analyses revealed 
association patterns between the four candidate biomarkers (WHRN, IL12A, ASB14, TMED7-TICAM2) and the 22 
immune cell types (Figure 4c). These results suggest that evolocumab treatment may have a limited but detectable 
impact on B-cell subsets; however, the absence of significant changes in most immune cell types indicates that the 
immunomodulatory effects of evolocumab are likely modest and should be interpreted with caution.

Figure 3 Functional enrichment of four biomarkers. (a) GeneMANIA analysis; (b) GSEA enrichment analysis of WHRN; (c) GSEA enrichment analysis of IL12A; (d) GSEA 
enrichment analysis of ASB14; (e) GSEA enrichment analysis of TMED7-TICAM2.
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Single-Cell Transcriptomic Atlas Construction
After quality control and standardization, the single-cell dataset GSE121893 retained 1,630 high-quality cells (Figure S1a–c). 
UMAP dimensionality reduction divided cells into 8 distinct clusters (clusters 0–7) (Figure 5a), with clustering tree analysis 
showing stability across different resolution parameters. Resolution 0.9 was selected for subsequent analysis to ensure proper 
cell population separation (Figure 5b). After normalization, 2,000 highly variable genes were identified (Figure S1d). PCA 
optimization revealed that the first 16 principal components contained major biological variation (Figure S1e), with JackStraw 
testing confirming statistical significance of the first 5 components (p < 0.05) (Figure S1f).

Based on known marker genes, 8 cell clusters were annotated into 5 major cell types: cardiomyocytes (CM), 
endothelial cells (EC), fibroblasts (FB), macrophages (MP), and smooth muscle cells (SMC) (Figure 5c). Dot plots 
showed characteristic marker gene expression patterns: cardiomyocytes highly expressed TNNT2, TTN; endothelial cells 
specifically expressed VWF, CDH5; fibroblasts mainly expressed FN1, VIM; macrophage markers included CD163, 
CSF1R; smooth muscle cells expressed MYH11, ACTA2 (Figure 5d). UMAP visualization demonstrated clear morpho
logical separation of these cell types in 2D space (Figure 5e), with heatmaps further validating marker gene specificity 
and annotation accuracy (Figure 5f and g).

Figure 4 Immune infiltration analysis and biomarker-immune cell correlation. (a) Heatmap showing relative proportions of different immune cell types. (b) Violin plots of 
immune cell composition displaying various immune cell types. (c) Correlation heatmap between biomarkers and immune cells. Mantel’s p values, and Spearman correlation 
coefficients. Mantel’s r values < 0.2, 0.2–0.3, ≥ 0.3 represent different correlation strengths; Mantel’s p values < 0.01, 0.01–0.05, ≥ 0.05 represent different significance levels. 
In the figure panels, significance levels are indicated as follows: *p < 0.05, **p < 0.01, *p < 0.001, and ns (not significant, p ≥ 0.05).
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Key Cell Identification and Characterization Based on Candidate Biomarker Expression
Cell composition analysis revealed differences in the relative proportions of five major cell types between CAD and control 
groups, with cardiomyocytes predominating in the CAD group (Figure 6a). UMAP analysis by disease status showed 
distinct cell type distributions, particularly different spatial distribution patterns of cardiomyocytes (Figure 6b and c).

Expression pattern analysis of key candidate biomarkers showed that DFNB31 (WHRN alias) and ASB14 exhibited 
differential expression across cell types: DFNB31 was mainly expressed in cardiomyocytes and endothelial cells, while 
ASB14 was most prominent in cardiomyocytes (Figure 6d and e). Key cell definition results showed that ASB14 exhibited 

Figure 5 Single-cell RNA sequencing clustering analysis and cell type identification. (a) UMAP clustering plot showing the distribution of 8 cell clusters in 2D space with 
different colors, demonstrating spatial separation characteristics of each cluster. (b) Clustering tree plot displaying cluster relationships with different colors or node sizes 
representing cluster quantities. (c) Heatmap of cell type marker gene expression showing average expression levels (0–5 gradient) and expression percentages (25%–100%) 
of marker genes in cardiomyocytes (CM), endothelial cells (EC), fibroblasts (FB), macrophages (MP), and smooth muscle cells (SMC). Color intensity reflects expression 
levels to assist cell type annotation. (d) UMAP distribution plot of cell types showing the distribution of five cell types (CM, EC, FB, MP, SMC) in 2D space with different 
colors. (e) Cell Type UMAP Distribution Plot: Displaying the distribution of 5 cell types - cardiomyocytes (CM), endothelial cells (EC), fibroblasts (FB), macrophages (MP), 
and smooth muscle cells (SMC). (f) Dot plot of cluster marker genes with dot color representing average expression levels of marker genes in different clusters. Darker 
colors and larger dots indicate higher expression levels and broader expression ranges. (g) Heatmap of top cluster marker genes showing relative expression levels of 
characteristic marker genes in 8 clusters, with red-blue color gradient representing expression levels (red: high expression, blue: low expression).
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Figure 6 Key cell identification and biomarker expression analysis across cell types. (a) Bar plot showing cell proportions across different groups. (b) Heatmap of cell 
proportions in samples. Darker colors represent higher proportions of corresponding cell types in each sample. (c) UMAP plot of cell types grouped by disease status. 
(d) UMAP expression plots of biomarkers in cell types. Left panel shows DFNB31 expression distribution, right panel shows ASB14 expression distribution. Darker colors 
indicate higher expression levels. (e) Violin plots of biomarker expression in MP and SMC cells. Left panel shows ASB14 expression levels in MP and SMC, right panel shows 
DFNB31 expression levels. (f) Bar plot of ASB14 expression across different cell types. (g) Bar plot of DFNB31 expression across different cell types. (h) GSVA enrichment 
analysis heatmap, with red representing high enrichment and blue representing low enrichment. *** indicate p < 0.001, * indicate p < 0.05, ns indicate not significant.
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extremely significant expression differences in cardiomyocytes (p < 0.001) but no significant differences in other cell 
types (Figure 6f). DFNB31 showed significant differences in cardiomyocytes, smooth muscle cells, and macrophages, 
with the most significant difference in cardiomyocytes (Figure 6g). Based on these findings, cardiomyocytes were defined 
as key cells. Principal component analysis confirmed data quality with significant biological variation captured in the first 
9 PCs (Figure S2a and b). Further subtype analysis revealed 3 cardiomyocyte subclusters with distinct functional 
specializations (Figure S2c–f). Reactome functional enrichment analysis revealed cell type-specific biological functions 
across metabolic pathways, ion channels, and lipid transport (Figure 6h).

Cell Communication Networks and Pseudotime Trajectory Analysis
CellChat analysis revealed that five cell types (cardiomyocytes, endothelial cells, fibroblasts, smooth muscle cells, 
macrophages) in the CAD group formed complex communication networks, with strong signaling between cardiomyo
cytes and fibroblasts and important endothelial cell connections (Figure 7a and b). The control group showed simplified 
networks involving only four cell types with reduced endothelial cell activity (Figure 7c and d).

Sender-receiver analysis demonstrated that fibroblasts served as primary signal senders in CAD, while cardiomyo
cytes functioned as both senders and receivers (Figure 7e and f). Ligand-receptor analysis revealed enriched signaling 
mechanisms in CAD, including collagen-related matrix signals, growth factor pathways, adhesion molecules, and 
inflammatory signals (APP-CD74), with PTN-NCL showing the highest communication probability from fibroblasts to 
cardiomyocytes (Figure 7g and h).

Pseudotime analysis revealed cardiomyocyte differentiation trajectories with distinct disease-related patterns 
(Figure 8a–d). Disease-stratified analysis showed CAD group cells predominantly distributed in states 1, 6, and 7, 
while control group cells were mainly in states 4 and 5, indicating pathological differentiation (Figure 8e).

Expression analysis revealed that both ASB14 and DFNB31 maintained differential expression between groups 
throughout pseudotime (Figure 8f) and exhibited “inverted U-shaped” expression patterns, with ASB14 peaking early 
and DFNB31 peaking mid-trajectory (Figure 8g–i). Branch enrichment analysis demonstrated functional specialization: 
branch C1 enriched apoptosis regulation genes, branch C3 involved mitochondrial function (acetyl-CoA biosynthesis, 
respirasome assembly), while other branches related to immune response and cell migration, indicating cardiomyocyte 
differentiation reprogramming in CAD (Figure 8j).

Discussion
There is a close connection between BHS and CHD, and the inflammatory response plays an important role in the 
progression of both diseases. Therefore, inflammation management and comprehensive interventions are crucial for 
improving the prognosis of these patients. Evolocumab significantly reduces the risk of cardiovascular and cerebrovas
cular events in patients with CHD and acute ischemic stroke by significantly lowering the LDL-C level.35,36 However, 
the targets and mechanisms of the inflammatory effects of Evolocumab in BHS patients with CHD history are not yet 
clear. Therefore, in this study, by implementing quality control, differential analysis, GO and KEGG enrichment analysis, 
construction of the PPI network, and machine learning techniques, we successfully identified four crucial gene expres
sions (WHRN, IL12A, ASB14, TMED7-TICAM2) that are regulated by evolocumab in patients with BHS who also have 
CHD history. Subsequently, we delved deeper into these key genes’ functions and regulatory mechanisms through 
GeneMANIA, immune infiltration, and molecular regulatory network analysis. Since this study is observational and 
transcriptomic in nature, all interpretations regarding molecular mechanisms should be regarded as hypothesis- 
generating, and no causal inferences can be drawn from the current data.

Ankyrin repeats and suppressor of cytokine signaling box 14 (ASB14) are members of the suppressor of cytokine 
signaling (SOCS) box family. Structurally, it comprises an ankyrin repeat domain and a SOCS box domain. It is pivotal 
in the cardiovascular system, predominantly associated with the negative regulation of cytokine signal transduction.37 

Existing studies have demonstrated that ASB14 directly inhibits the activity of Janus kinase (JAK) tyrosine kinase via the 
kinase inhibitory region (KIP) and suppresses the Toll-like receptor (TLR) - nuclear factor kappa B (NF-κB) 
pathway,38,39 and regulates the expression of inflammatory factors influences the magnitude of the inflammatory 
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Figure 7 Cell-cell communication network analysis between CAD and control groups. (a) Number of intercellular interactions in CAD group. (b) Intercellular interaction 
weight/strength in the CAD group. (c) Number of intercellular interactions in the control group. (d) Intercellular interaction weight/strength in control group. (e) Bubble 
plot of ligand-receptor interactions between cells in the CAD group. Bubble size represents communication probability, and colors distinguish p-value ranges (0.01 < p < 0.05 
and p < 0.01), with darker colors indicating higher significance. (f) Bubble plot of ligand-receptor interactions between cells in the control group. Bubble size reflects 
communication probability, and colors distinguish p-value ranges (0.01 < p < 0.05 and p < 0.01), showing various ligand-receptor pairs (such as PTN-NCL, COL1A1-(ITGA1 
+ITGB1), etc.) interactions between different cell types, intuitively presenting the molecular mechanism characteristics of cellular communication in the control group. (g) 
Number of interactions with cells as senders in CAD group. Left panel distinguishes CM and EC sender cell types with different colors, showing their interaction numbers 
with other cells; right panel distinguishes FB, SMC, MP, EC as four sender cell types with colors, presenting their interaction numbers. (h) Number of interactions with cells 
as senders in control group. Left panel distinguishes CM and FB sender cell types with colors, showing their interaction numbers; the right panel distinguishes SMC, MP, CM, 
FB as four sender cell types with colors, presenting their interaction numbers.
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Figure 8 Pseudotime trajectory analysis of cardiomyocytes and gene expression dynamics. (a) Pseudotime trajectory plot of cardiomyocytes (CM) with color gradient 
representing pseudotime. (b) Cardiomyocyte trajectory plot grouped by cell type. (c) Cardiomyocyte trajectory plot grouped by Seurat clustering. (d) Cardiomyocyte 
trajectory plot grouped by state. (e) Cardiomyocyte trajectory plot grouped by disease status. (f) Heatmap of key gene expression in cardiomyocytes across different 
groups, with color gradient reflecting expression levels - darker colors indicate higher expression. (g) Heatmap of key gene expression in cardiomyocytes during pseudotime 
progression, with a color gradient intuitively showing gene expression changes over time. (h) Heatmap of key gene expression in cardiomyocytes across different states, with 
color differences reflecting gene expression characteristics under different differentiation states. (i) Heatmap of key gene expression in pseudotime clusters, with red 
representing high expression and blue representing low expression. (j) Enrichment analysis plot of cardiomyocyte differentiation branches.
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response. Additionally, high expression of ASB14 can activate the activity of E3 ubiquitination ligase, initiate protein 
ubiquitination, and facilitate the clearance of variant proteins.40

In the immune cell infiltration analysis, the key gene ASB14 exhibited the negative correlation with natural killer 
cells. This finding further implies that elevated expression of ASB14 is associated with a reduction in the release of pro- 
inflammatory factors. These results propose a potential mechanism: evolocumab treatment may regulate inflammatory 
pathways by altering the expression pattern of the ASB14 gene and related immune cell populations. However, it is 
important to emphasize that these correlations derived from immune infiltration should be regarded as hypothesis- 
generating observations rather than definitive causal relationships. The specific mechanisms underlying the associations 
between ASB14 expression, natural killer (NK) cell function, and inflammatory outcomes still need to be verified through 
controlled experimental studies to establish causal relationships.

TMED7 and TICAM2 (Transmembrane emp24 domain-containing protein 7 and Toll interleukin 1 receptor (TIR) domain- 
containing adaptor molecule 2) are two distinct genes, each situated on chromosome 5. Bioinformatics analyses, corroborated 
by experimental evidence, have revealed transcriptional readthrough from the TMED7 gene into the TICAM2 (TRAM) gene. 
This phenomenon gives rise to the expression of three proteins: TMED7, TRAM, and TAG, as documented in previous 
studies.41,42 These proteins are detectable across various tissues, albeit with varying abundance levels.43

TMED7, a 224-amino acid protein, harbors the gold domain of TAG but lacks the TIR domain. As a member of the p24 
transmembrane protein γ family, TMED7 is primarily involved in endoplasmic reticulum-Golgi vesicle trafficking and 
regulating transmembrane protein stability. Notably, it plays a pivotal role in Toll-like receptor 4 (TLR4) signal 
transduction.43,44 The gold domain of TMED7 proteins confers their involvement in vesicle transport processes. Recent 
investigations have elucidated that TMED7 is an essential structural protein for forming a stable complex between TLR4 and 
its extracellular domain during the protein’s translocation from the endoplasmic reticulum to the cell surface via the Golgi 
apparatus. TLR4, in turn, initiates the activation of downstream intracellular pathways, such as the NF-κB pathway.45,46

TICAM2, or TRAM, is a crucial adaptor protein for endosomal TLR4-mediated signal transduction. Through its TIR 
domain, TICAM2 interacts with TLR4 and TICAM1,47 participating in the TLR4-mediated MyD88-independent signaling 
pathway and regulating the release of inflammatory factors. The endosomal TLR4-TICAM2-TICAM1 complex can induce 
type I interferon production.48 However, overactivation of this complex exacerbates inflammatory injury, promoting the 
expression of proinflammatory cytokines, including IL-6 and TNF-α, via its downstream RIP1-TRAF6-NF-κB axis.49 

Additionally, some studies have suggested that TICAM2 may contribute to the systemic inflammatory response by facilitating 
neutrophil depletion.50 The TLR4/NF-κB signaling pathway is a central player in the inflammatory response. Excessive 
activation of TLR4 triggers the production of many inflammatory factors intricately associated with the pathogenesis and 
progression of cardiovascular diseases.51

Given their roles, TICAM2, a key adaptor protein in the TLR4-mediated immune response and inflammatory activation 
pathway, and TMED7, a regulatory transport protein of the signaling pathway, may exhibit a synergistic effect during the 
inflammatory response. This synergy potentially indirectly impacts the release of inflammatory factors by modulating TLR4 
function. In the present study, gene detection of peripheral blood samples from patients with BHS with CHD history 
demonstrated that the expression of the TMED7-TICAM2 gene was significantly downregulated in the treatment group 
administered evolocumab. However, this finding based on bulk RNA-seq data can only serve as hypothesis-generating 
evidence. This study speculates that evolocumab treatment may be associated with altered expression of the TMED7-TICAM2 
gene through some as-yet-unclear mechanism, but its specific molecular mechanism, whether it directly affects the localiza
tion and functional activity of TLR4, and its exact association with inflammatory responses still need to be confirmed through 
further functional verification experiments. These findings provide valuable candidate targets for future mechanistic research.

Analysis of immune cell infiltration in this study revealed a strong positive correlation between TMED7-TICAM2 and 
activated/resting NK cells. Based on this correlation finding, we speculate that the changes in TMED7-TICAM2 expression 
may be related to the activity status of peripheral blood immune cells. Although the KEGG pathway enrichment analysis of 
TMED7-TICAM2 did not identify direct inflammatory regulatory pathways, the enriched oxidative phosphorylation pathway 
suggests a potential mechanistic hypothesis: the reactive oxygen species (ROS) generated in this process may act as second 
messengers to participate in the activation of the NF-κB signaling pathway, thereby affecting the release of inflammatory 
factors. It should be emphasized that these results of correlation analysis based on immune infiltration should be regarded as 
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hypothesis-generating findings rather than conclusive evidence of causal relationships. We speculate that evolocumab 
treatment may indirectly affect the functional status of immune cells by regulating the expression patterns of candidate 
biomarkers such as TMED7-TICAM2. However, these speculations need to be confirmed through further mechanistic studies 
and experimental verification to clarify the specific causal relationships and molecular mechanisms.

The IL12A gene encodes the p35 subunit of interleukin 12 (IL-12), which, in conjunction with the p40 subunit 
encoded by the IL12B gene, forms a functional IL-12 heterodimer. IL-12 is predominantly secreted by activated antigen- 
presenting cells, including dendritic cells, macrophages, and B cells.52 Upon binding to the IL-12 receptor, it activates the 
JAK-STAT signaling pathway. This activation drives the differentiation of naïve CD4+ T cells into the Th1 phenotype 
and enhances the cytotoxicity of NK cells and T cells, thereby augmenting the cellular immune response.53

Beyond its well-established roles in anti-infection and anti-tumor immunity, emerging evidence in recent years has 
highlighted the critical involvement of IL-12 in the pathogenesis of cardiovascular and cerebrovascular diseases, such as 
atherosclerosis, myocardial infarction, and ischemic stroke. Multiple lines of evidence support the role of IL-12 in athero
sclerotic lesions. Clinicopathological studies have demonstrated the enrichment of IL-12 in human atherosclerotic plaques, 
where it accelerates plaque progression by triggering local inflammatory responses.54 Additionally, circulating IL-12 levels 
have emerged as a potential biomarker associated with cardiovascular risk. A cross-sectional study confirmed a significant 
positive correlation between IL-12 levels and arterial stiffness, as measured by pulse wave velocity.54 In patients with acute 
coronary syndrome, elevated plasma IL-12 levels have been shown to have independent prognostic value for patients with ST- 
segment elevation myocardial infarction.55 In ischemic stroke patients, studies have indicated that serum IL-12 levels during 
the acute phase are positively correlated with the volume of brain injury and the degree of neurological deficit, suggesting its 
participation in the post-ischemic inflammatory cascade.56 Collectively, these findings suggest that IL-12 may play a pivotal 
role in the pathophysiology of atherosclerotic cardiovascular and cerebrovascular diseases.

Preclinical investigations have further elucidated the pro-atherosclerotic mechanisms of IL-12. Gene-edited animal 
models have shown that IL-12 deficiency, exemplified by IL-12 p40−/− apoE−/− mice, significantly reduces macrophage 
infiltration and plaque area in the aortic root induced by a high-fat diet.57 Intervention studies have demonstrated that 
vaccination with an IL-12 vaccine in LDLR−/− mice leads to increased collagen deposition in plaques and decreased 
serum interferon-γ levels, indicating that immune modulation can inhibit lesion progression.58 Moreover, treatment with 
recombinant IL-12 in ApoE−/− mice accelerates atherosclerosis, characterized by increased CD3+ T cell infiltration in 
plaques and an enlarged lesion area.59 These findings collectively support the pro-atherosclerotic effect of IL-12 and 
underscore its potential as a therapeutic target.

This study revealed a significant upregulation of IL12A gene expression in BHS with CHD history patients who were 
treated with evolocumab. However, the p35 subunit encoded by IL12A requires association with the p40 subunit to form 
a heterodimer with biological activity. Therefore, further investigation of p40 subunit expression and the biological 
activity of IL-12 is warranted to determine whether evolocumab indeed upregulates IL-12 expression. Additionally, IL- 
12 has a relatively large molecular weight (approximately 70 kDa), resulting in significantly limited efficiency in crossing 
the blood-brain barrier compared to low-molecular-weight pro-inflammatory factors (eg., IL-6, 21 kDa), thereby 
mitigating its potential neuroinflammatory injury. Future studies should focus on further verifying the regulatory effect 
of evolocumab on IL-12 through dynamic monitoring of blood-brain barrier permeability, quantitative analysis of IL-12 
in cerebrospinal fluid, and the use of neuroinflammation animal models.

The WHRN gene encodes the whirlin protein, a scaffold protein containing PDZ domains.60 PDZ domains are known to 
mediate protein–protein interactions involved in mechanosensation, cytoskeletal anchorage, and the assembly of signaling 
complexes.61 In cardiomyocytes, the non-sarcomeric cytoskeleton acts as a bridge connecting sarcomeres, the cell membrane, 
and the extracellular matrix, and is essential for cardiac contractile function and mechanotransduction.62,63

In the present study, WHRN expression was significantly upregulated in the evolocumab combined with rosuvastatin 
group. Although this observation suggests that WHRN may be involved in cytoskeletal organization or mechanotrans
duction pathways under evolocumab treatment, direct experimental evidence remains lacking. Given the limited literature 
regarding the role of WHRN in cardiovascular and immune contexts, this finding should be regarded as hypothesis- 
generating and requires further functional validation in future studies.
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Our single-cell analysis identified cardiomyocytes as key cells, which holds significant biological importance. 
Cardiomyocytes are critical participants in the pathophysiological process of cerebrocardiac syndrome. 
Cerebrovascular events can directly affect the structure and function of cardiomyocytes through the neuro-cardiac 
axis. The surge in catecholamines caused by brain injury can lead to cardiomyocyte necrosis, hypertrophy, and 
fibrosis,64 and catecholamines directly released by sympathetic nerve endings have a direct toxic effect on adjacent 
cardiomyocytes.1 At the molecular level, this process involves mechanisms such as FOXO gene activation, regulation of 
protein degradation, and metabolic reprogramming of cardiomyocytes.65 The four candidate biomarkers (WHRN, IL12A, 
ASB14, TMED7-TICAM2) showed the most significant and consistent CAD-related expression changes in cardiomyo
cytes, providing cell-type-specific validation for the candidate biomarkers we identified from bulk RNA-seq. Of 
particular note is the highly specific expression of ASB14 in cardiomyocytes. Pseudotime analysis revealed that 
cardiomyocytes in the CAD group were mainly distributed in pathological differentiation states (State 1, 6, 7), while 
the control group remained in relatively healthy differentiation states (State 4, 5), suggesting that evolocumab treatment 
may exert a protective effect by regulating the differentiation trajectory of cardiomyocytes. The results of single-cell 
analysis further verify the reliability of candidate biomarkers and provide a basis for the development of cardiomyocyte- 
specific therapeutic targets and diagnostic tools for precision medicine.

There are limited studies investigating transcriptomic alterations associated with PCSK9 inhibitor therapy in patients 
with cardiovascular diseases. The FOURIER trial has demonstrated that evolocumab significantly reduces cardiovascular 
events.12,66 However, no independent transcriptomic substudies from this trial have been publicly reported. Our findings 
complement these previous observations, suggesting that evolocumab may be associated with expression changes in 
genes involved in immune regulation (IL12A), protein ubiquitination (ASB14), and TLR4 signal transduction (TMED7- 
TICAM2). Nevertheless, direct comparisons with prior work are constrained, as most earlier transcriptomic analyses were 
performed in preclinical models or distinct patient populations. Further investigations in larger independent cohorts are 
warranted to verify the reproducibility of the transcriptomic signatures identified in the present study.

This study provides transcriptomic insights into exploring potential gene expression changes in patients with BHS 
who have a history of CHD following evolocumab treatment. Through differential gene expression analysis and pathway 
enrichment methods, we identified several candidate biomarkers (WHRN, IL12A, ASB14, and TMED7-TICAM2) that may 
be associated with the therapeutic effects of evolocumab. However, these findings require extensive validation and should 
not be regarded as definitive mechanistic conclusions. Several important limitations must be acknowledged. First, it was 
designed as a preliminary exploratory analysis with a small sample size (n=24), and no formal statistical power 
calculation was performed, raising potential overfitting concerns. Confounding factors including rosuvastatin dosage, 
baseline LDL-C levels and stroke severity were not incorporated into the multivariate model, which may limit the 
generalizability of the present findings. Second, only acute-phase blood samples were collected without longitudinal 
transcriptomic profiling; thus, the duration and persistence of evolocumab-induced transcriptomic alterations remain 
undetermined. Moreover, the non-standardized timing of treatment initiation might have interfered with gene expression 
patterns. Third, the external validation dataset GSE113079 enrolled coronary artery disease patients rather than BHS 
individuals. Despite shared pathophysiological features and a history of coronary heart disease among BHS patients, this 
cohort mismatch may compromise the robustness of the validation results. Additionally, several biomarkers yielded AUC 
values below 0.7 in the external dataset, implying modest diagnostic efficacy and necessitating cautious interpretation of 
these results.

Fourth, statistical significance does not equate to genuine biological relevance. Although differential gene expression, 
AUC performance and immune cell differences reached statistical significance, the small effect sizes, limited sample size 
and lack of orthogonal validation suggest that these outcomes should be considered hypothesis-generating rather than 
conclusive. The lack of enriched terms in GO biological process and molecular function categories does not rule out 
biological implications, as the enriched cellular component terms (granules and lysosomes) are functionally linked to 
inflammation. Meanwhile, the limited number of significantly altered immune cell subtypes indicates that the immuno
modulatory effects of evolocumab may be restricted to specific subpopulations rather than exerting broad-spectrum 
activity.
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Future large-scale retrospective studies with clinical endpoints are required to reduce inherent bias, and further 
validation of these key genes should be conducted using molecular experiments and animal models.

Conclusion
This pilot study provides preliminary insights into the molecular mechanisms of evolocumab in treating Brain-Heart 
Syndrome with a coronary heart disease history, identifying four inflammation-related biomarkers. These findings 
suggest potential targets for future investigation; however, given the exploratory nature and small sample size, further 
experimental and clinical validation is required before any therapeutic application.
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